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INDIVIDUAL VARIATION IN BRAIN NETWORK TOPOLOGY PREDICTS 
EMOTIONAL INTELLIGENCE  
GEORGE CHUN-BONG LING 
ABSTRACT 
Background: Social cognitive ability is a significant determinant of functional outcome 
and deficits in social cognition are a disabling symptom of psychotic disorders. The 
neurobiological underpinnings of social cognition are not well understood, hampering our 
ability to ameliorate these deficits. Using ‘resting-state’ fMRI (functional magnetic 
resonance imaging) and a trans-diagnostic, data-driven analytic strategy, we sought to 
identify the brain network basis of emotional intelligence, a key domain of social 
cognition 
Methods: Subjects included 60 participants with a diagnosis of schizophrenia or 
schizoaffective disorder and 46 healthy comparison participants from three different sites: 
Beth Israel Deaconess Medical Center, Boston, MA, McLean Hospital, Belmont, MA, 
and University of Pittsburgh, Pittsburgh, PA. All participants underwent a structural 
T1/MPRAGE and resting-state fMRI scan. Emotional Intelligence was measured using 
the Mayer-Salovey-Caruso Emotional Intelligence Test (MSCEIT). A connectome-wide 
analysis of brain connectivity examined how each individual brain voxel’s connectivity 
correlated with emotional intelligence using multivariate distance matrix regression 
(MDMR).  
  vii 
Results: We identified a region in the left superior parietal lobule (SPL) where individual 
network topology predicted emotional intelligence. Specifically, the association of this 
region with the Default Mode Network (DMN) predicted higher emotional intelligence (r 
= 0.424, p < 0.001) and association with the Dorsal Attention Network (DAN) predicted 
lower emotional intelligence (r = -0.504, p < 0.001). This correlation was observed in 
both schizophrenia and healthy comparison participants. These results held true despite 
corrections for sex, age, race, medication dosage (chlorpromazine equivalents), and full 
scale IQ (FSIQ), and was replicable per site. Post-hoc analyses showed that membership 
of the left SPL was entirely within the DMN in high scorers and within the DAN in low 
scorers. This relationship was also shown to be specific to the identified left SPL region 
when compared to adjacent regions. Sulcal depth analysis of the left SPL revealed a 
correlation to emotional intelligence (r = 0.269, p = 0.0075).  
Conclusions: Previous studies have demonstrated individual variance in brain network 
topology but the cognitive or behavioral relevance of these differences was 
undetermined. We observe that the left SPL, a region of high individual variance at the 
cytoarchitectonic level, also demonstrates individual variance in its association with large 
scale brain networks and that network topology predicts emotional intelligence. This is 
the first demonstration of a clinical phenotype in individual brain network topology. 
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INTRODUCTION 
 
 
 
Figure 1. Psychiatrist’s sketch of the Great Wall of China. Sketch made by the 
neuropsychiatrist, Dr. Matcheri Keshavan, during a visit to the Great Wall of 
China. (Keshavan, 2015) 
 
Social dysfunction is a hallmark symptom of schizophrenia (American Psychiatric 
Association, 1968). Despite the development of effective anti-psychotics that are able to 
ameliorate symptoms of psychosis, most patients with schizophrenia still struggle to 
achieve a healthy level of functional ability, maintain social relationships, or even 
independent living (Green, Horan, & Lee, 2015). Growing epidemiological evidence over 
the past decade has implicated social cognition as a major factor influencing social 
 2 
dysfunction and functional outcomes in schizophrenia (Green, 2016). Social cognition is 
the process through which people make sense of other people and themselves, involving 
perception, experience, empathy, and managing emotions (Fiske & Taylor, 2013). Of 
clinical importance, social cognition has been shown to have greater effects than non-
social cognition on functional outcomes, making it a particularly critical therapeutic 
target (Hoe, Nakagami, Green, & Brekke, 2012, Penn, Corrigan, Bentall, Racenstein, & 
Newman, 1997). Neuropsychological testing supports a model of separate neurological 
processes for social and non-social cognition, giving this clinical distinction a biological 
basis (Mehta et al., 2013). The neurological basis of social cognition, however, remains 
poorly understood despite the recent use of brain imaging (Abram et al., 2017, Fox et al., 
2017).  
With this in mind, this study seeks to identify the specific brain network correlates 
of social cognition through a data-driven, multi-site population that includes both healthy 
controls and people with schizophrenia, with the hope that it will contribute to the 
eventual discovery of a resolution for these disturbing affects of the mind. 
 
Background 
 
Schizophrenia is a multidimensional disorder that presents both positive 
symptoms such as mania, disorganized speech, and hallucinations, as well as negative 
symptoms such as anhedonia, apathy, and depression. While researchers have found 
many characteristics and treatments for schizophrenia, the underlying etiopathology has 
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yet to be ascertained. Andreasen (2000) describes the epidemiology well with the six 
following observations: 
1. Schizophrenia has a similar clinical presentation and a similar prevalence 
throughout the world — a lifetime prevalence of approximately 1%. Because 
schizophrenia is at present a lifetime disorder, the lifetime prevalence and the 
point prevalence are essentially the same. 
2. Schizophrenia has been present for centuries, as inferred from literary 
descriptions. 
3. `Classic' cases begin in young adult life. 
4. Males are more frequently and severely affected. 
5. The illness tends to run in families. 
6. Despite the fact that the majority of people with schizophrenia do not marry or 
have children, the disease persists in the human population.  
 
While approximately 3.5 million Americans or 1.1% of the US population suffer 
from schizophrenia (Regier et al., 1993, Sartorius et al., 2009), only 28% of those 
diagnosed are able to live independently at some point in their life (Torrey, 1995). It has 
been suggested that approximately 33-50% of the US homeless population are suffering 
from schizophrenia (Folsom & Jeste, 2002). Psychotic symptomatology and poor 
functional capacity severely lower quality of life and lead to an astounding 40% of deaths 
attributed to suicide or other unnatural causes (Parks, Svendsen, Singer, Foti, & Mauer, 
2006). The prevalence of schizophrenia-related disability leads to significant economic 
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distress – the cost of treating schizophrenia in the US was estimated to be approximately 
$62.7 billion in 2002 alone (Wu et al., 2005).  
 
Functional Capacity Significantly Predicts Functional Outcomes 
Patients suffering from schizophrenia and severe mental illnesses generally have 
poor functional outcomes such as difficulty in maintaining employment, personal 
relationships, or even communication. These deficits are defining features of many 
mental disorders, but are especially predictive of the course and outcome of 
schizophrenia (Couture, Penn, & Roberts, 2006). 
Modern psychiatric medicine seeks to improve the lives of patients through 
targeting the major causes of poor functional outcomes. The major contributing factors to 
functional outcome are functional capacity and the positive and negative symptoms of 
schizophrenia, all of which have been studied extensively and found to correlate to 
aspects of functional outcome (Bowie, Reichenberg, Patterson, Heaton, & Harvey, 2006). 
Functional capacity is an individual’s ability to perform daily activities, and is generally 
measured through cognitive and motor assessments. Positive and negative symptoms are 
two categories of symptoms associated with schizophrenia. ‘Positive symptoms’ are the 
readily identifiable symptoms of hallucinations, delusional beliefs and thought 
disorganization. Negative symptoms include amotivation, anhedonia, and expressive 
deficits.  
Data suggests, however, that symptomatology plays a minor role compared to 
functional capacity in determining functional outcomes such as employment, social 
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relationships, and independence. While positive and negative symptoms, such 
disorganization, hallucinations, delusions, and blunted affect are significantly correlated 
to functional outcome, many studies have shown that symptoms explain only 12 – 40% 
of the variance in functional outcome (Bowie et al., 2006, Leifker, Bowie, & Harvey, 
2009, Bowie et al., 2008). Even with symptom management via pharmacological means, 
there are few effective improvements in various life domains such as social functioning, 
independent living, and employment (Harvey, Green, Keefe, & Velligan, 2004, Leung, 
Bowie, & Harvey, 2008). In contrast to antipsychotics, therapies targeting cognitive 
improvement show significant improvement in both cognitive and psychosocial 
functioning (McGurk, Twamley, Sitzer, McHugo, & Mueser, 2007).  
The general consensus is that functional capacity, and not symptoms, are the 
greatest predictor of functional outcome in patients with schizophrenia (Green, 1996, 
Harvey et al., 1998, Harvey et al., 2004, Green, Kern, & Heaton, 2004, Bowie et al., 
2006, Bowie et al., 2008, Leung et al., 2008, Leifker et al., 2009). 
 
Social Cognition 
“Most of us care about what other people think of us. All of us care about understanding 
other people. Social cognition explains both processes.” – Fiske and Taylor, Social 
Cognition: From Brains to Culture (2013). 
Functional capacity is an umbrella term for a person’s neuropsychological profile, 
and is generally measured through neuro and social cognitive tests such as IQ, memory, 
verbal fluency, emotion recognition, and psychomotor (Green et al., 2004). There is 
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increasing evidence that social cognition is distinct from neurocognition (e.g. IQ and 
intelligence) and has independent biological and functional domains. These studies have 
also shown that social cognition has a clear correlation to functional outcome separate 
from cognition (Allen, Strauss, Donohue, & van Kammen, 2007, Bowie et al., 2008, 
Couture et al., 2006, Fett et al., 2011, Green, 2016, Hoe et al., 2012, Penn et al., 1997, 
Mehta et al., 2013, Sergi et al., 2007). 
 
 
Figure 2. Couture’s (2006) Social Cognition Model. An example of the social 
cognitive process. (modified, Couture et al., 2006) 
 
Social cognition is a complex neuropsychological function. Superficially, social 
cognition is the study of how people make sense of other people and themselves, and can 
be studied through a combination of psychological and neurological aspects (Fiske & 
Taylor, 2013). Adolphs (1999) describes the evolution of social cognition as the 
realization of cooperation with other competitors as a group to provide food and security 
– a delicate balance that required reading social signals, sharing of resources, and 
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development of trust. As such, social cognition is crucial to functional outcome, even 
superseding affective symptoms such as mania and depression. 
Couture (2006) explains that the functional significance of social cognition is 
essentially determined by how quickly an individual can receive, process, and act on 
social stimuli, from which deficits could impact romantic, family, and work relationships 
and behavior. Inability to understand social interaction also leads to reduced opportunities 
to learn independent living skills such as home and financial care. 
These deficits are particularly prevalent in schizophrenia, even when compared to 
other severe mental illnesses (Bellack, Morrison, Wixted, & Mueser, 1990). All aspects 
of social cognition appear to be deficient in schizophrenia (Bora, Yucel, & Pantelis, 
2009, Dodell-Feder, Tully, Lincoln, & Hooker, 2014, Green et al. 2015, Kohler, Walker, 
Martin, Healey, & Moberg, 2010, Pinkham, Penn, Perkins, & Lieberman, 2003, Savla, 
Vella, Armstrong, Penn, & Twamley, 2012). Deficits in social cognition are even 
represented in children and adolescents before the onset of schizophrenia (Dworkin et al., 
1993, Hans, Marcus, Henson, Auerbach, & Mirsky, 1992, Walker, 1994, Mueser, 
Bellack, Morrison, & Wixted, 1990, Penn et al., 1997). These unique deficits underlie 
poor functional outcomes in schizophrenia. 
 
Neuropathology of Schizophrenia 
While the symptoms of schizophrenia may seem psychological or fantastical in 
nature, researchers have long hypothesized that there are closely linked neurological 
underpinnings since the turn of the 20th century from the seminal works of Kraepelin, 
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Blueler, and Alzheimer (Alzheimer, 1897, Blueler, 1911/1950, Kraepelin, 1919). 
Unfortunately, without any easy, noninvasive methods to study the brain in vivo, it was 
only with the development of computer assisted topography (CT) in 1976 and magnetic 
resonance imaging (MRI) in 1984 before any appreciable work could be done. Since 
then, numerous case-control differences in multiple ventricles, the medial temporal lobe, 
superior temporal gyrus, parietal lobe, and subcortical structures have been found 
(Shenton, Dickey, Frumin, & McCarley, 2001). 
 
 
Figure 3. First CT Study in Schizophrenia. One of the earliest neuroimaging 
findings in schizophrenia using CT. Abnormal ventricular enlargements and 
cortical volume differences can clearly be seen in a patient with schizophrenia 
(right) compared to a healthy subject (left). (Barron et al., 1976) 
 
There are many ideas as to how the reduction or enlargement of brain structures in 
schizophrenia may relate to functional changes, from regional neurodevelopmental 
differences (Andreasen et al., 1996, Weinberger, 1996), neural pruning theories 
(Feinberg, 1982), to genetics (Seidman et al., 1999). These theories, however significant, 
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cannot be fully explained by volumetric abnormalities alone, especially concerning the 
differences in functional capacity and outcomes experienced by patients with 
schizophrenia. Fortunately, the relatively recent development of technologies such as 
functional magnetic resonance imaging (fMRI) (Ogawa, Lee, Kay, & Tank, 1990), 
magnetic resonance brain diffusion tensor imaging (DTI) (Basser, Mattiello, & LeBihan, 
1994), and the most recent arterial spin labeling (ASL) (Detre et al., 1994) have allowed 
researchers to examine schizophrenia from the perspective of brain activity and 
communication between brain regions (connectivity).  
The standard in functional connectivity measurements, fMRI provides the basis 
from which interconnected neural network differences can be identified in schizophrenia 
(Shenton et al., 2001). The physiologic basis of fMRI imaging is the Hemodynamic 
Response Function (HRF). In brief, neuronal activation is very costly in terms of energy 
demand. Neurons that are active signal via local glial cells to cause vasodilation in small 
blood vessels in an attempt to provide additional oxygen to sustain energetically 
demanding activity. In fMRI, changes in blood oxygen levels are measured in real-time, 
allowing the identification and correlation between areas of brain usage during normal 
activity and at rest. The basis of fMRI is the difference in magnetic information of 
oxygenated and deoxygenated blood. This difference, termed blood oxygen level 
dependent (BOLD) signal, is recorded over time through the brain to view metabolic 
activity, which is directly correlated to spatial and temporal brain activation (Aertsen, 
Gerstein, Habib, & Palm, 1989, Biswal, Kylen, & Hyde, 1997, Ogawa et al., 1990). This 
technique can be used to measure base levels of activity without external stimulus 
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(termed resting state or task-free), or to amplify signals of networks involved during tasks 
(task-based). 
 
 
Figure 4. Network Analysis Framework. The experimental design behind the study 
of functional connectivity in the human brain. (Fornito et al., 2012) 
 
Schizophrenia has long been referred to as a “disconnection disease” (Bleuler, 
1911/1950). fMRI studies of patients with schizophrenia and their first-degree relatives 
have demonstrated that there is widespread disconnectivity and some hyperconnectivity 
of brain regions in comparison to healthy subjects (Fornito, Zalesky, Pantelis, & 
Bullmore, 2012, Liang et al., 2006, Meyer-Lindenberg et al., 2001). Generalized lowered 
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functional connectivity between regions in the frontal region and the subcortical, parietal, 
and anterior cingulate regions have been reported in both patients and their relatives 
(Pettersson-Yeo, Allen, Benetti, McGuire, & Mechelli, 2011).  
Of particular interest in resting-state fMRI studies were the discoveries of the 
“default mode network” and other “resting-state networks” (Figure 5) – closely 
functionally connected regions that are conspicuously present when the subject is not 
assigned to a task and is instructed to “think of nothing in particular” (which within itself 
may be a task). From these resting-state networks, the default mode network (DMN) has 
shown the most peculiar differences as the DMN signal is highly intense when at rest but 
diminished during task-based activities (Raichle et al., 2001, McKiernan, Kaufman, 
Kucera-Thompson, & Binder, 2003). All other resting-state networks appear to be closely 
related to known functional networks such as the primary motor, visual, and attention 
regions and activate more intensely during a task (van den Heuvel & Pol, 2010). Studies 
in patients with schizophrenia have shown extensive disconnectivity or hypoactivation 
within the DMN or increased connectivity and variation to regions outside the DMN 
(Jafri, Pearlson, Stevens, & Calhoun, 2008, Garrity et al., 2007, Zhou et al., 2007). Given 
the significant connectivity differences and social cognition deficits, schizophrenia 
appears to be an excellent model to study social cognition in brain networks. 
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Figure 5. Most Commonly Reported Resting-State Networks. (van den Heuvel & 
Pol, 2010) 
 
Representations of Social Cognition and Schizophrenia in Functional Networks 
A complex cognitive demand, social cognition is represented in several distinct 
but overlapping neural networks. Enhanced activation and connection of the amygdala to 
the orbitofrontal and prefrontal cortex is correlated to increased response to unfamiliar 
faces, eye gaze detection, fear response, and emotions (Phillips, Drevets, Rauch, & Lane, 
2003). The ventral mPFC has been shown to be involved in emotional perception and 
sympathy while the dorsal mPFC integrates collaborative goals and triadic attention 
(Saxe, 2006). Empathy has been attributed to the frontal-temporal, mPFC and amygdala-
orbitofrontal networks, all of which appear to be deficient in patients with schizophrenia 
(Lee, Farrow, Spence, & Woodruff, 2004). Bar-On’s (2003) somatic marker hypothesis 
(SMH) goes on to specifically implicate dysfunction between the vmPFC, the amygdala, 
and the insula to be responsible for abnormal emotional and social intelligence. All of 
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these correlations observed in healthy controls appear to be highly disconnected in 
schizophrenia (Bora et al., 2009, Dodell-Feder et al., 2014, Pinkham et al., 2003).  
The default mode network (DMN) has been implicated to support internal thought 
and emotion processing, important domains of social cognition (Gusnard, Akbudak, 
Shulman, & Raichle, 2001, Raichle et al., 2001, Whitfield-Gabrieli et al., 2011). Other 
studies have discussed or shown linkages between DMN interconnectivity and cognition 
(Grecius, Krasnow, Reiss, & Menon, 2003). With respect to patients suffering from 
mental illness, the default mode network has actually been shown to interfere with task-
processing and attention, giving rise to the “wandering mind” hypothesis (Broyd et al., 
2009). This hypothesis is supported by evidence in patients of schizophrenia displaying 
increased connectivity between the DMN and task-positive networks, whether it is due to 
intrusive self-referential thought, hallucinations, or even simple internal distractions, a 
finding that is surprisingly unique to schizophrenia even when compared to autism and 
attention deficit spectrum disorders (Broyd et al., 2009, Jafri et al., 2008, Garrity et al., 
2007, Zhou et al., 2007). Reduced segregation between the DMN and other networks, 
such as the executive control and dorsal attention networks, have also been reported in 
patients with schizophrenia and schizoaffective disorder (Woodward et al., 2011), as well 
as general increased diversity in resting-state networks (Lynall et al., 2010).  
A few studies have also shown the correlation between social cognition deficits 
and resting-state networks in schizophrenia (Carrington & Bailey, 2008), such as the 
fronto-temporal network (Abram et al., 2017) and the default mode network (Fox et al., 
2017). Findings in resting-state network connectivity using direct social cognition 
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measures have, however, been a very recent development with few explanations and 
merits further study (Abram et al., 2017, Fox et al., 2017). 
 
Transdiagnostic Findings in Brain Networks 
The neural basis of brain networks and cognition may be transdiagnostic. 
Transdiagnostic characteristics are not restricted to just psychotic disorders, but extend 
into other mental health illnesses and the healthy population. A large scale study of 259 
participants showed that there were transdiagnostic commonalities and differences in 
resting-state data that extended from schizophrenia to major depression disorder 
(Schillbach et al., 2016). The neural predictors of social cognition may also be 
transdiagnostic. A Harvard Medical School study of thirty-eight individuals that included 
healthy controls and patients with schizophrenia or schizoaffective disorder showed that 
social cognition was significantly correlated to medial prefrontal cortex activation 
(Dodell-Feder et al., 2014). This was observed in both healthy controls and patients. 
Additionally, this study found that other measures of social cognition and social function 
were also found to be trans-diagnostically correlated to other regions in the brain. 
Significant transdiagnostic correlations between a managing emotions subscale 
(MSCEIT-ME), global functioning social scale (GFS), social anhedonia, and social 
adjustment scale (SAS) and the medial prefrontal and right temporo-parietal junction 
were reported. Additionally, the same study reported some correlations between measures 
of social cognition and function and the prefrontal cortex and temporo-parietal junction 
as anti-correlated in healthy controls and affected subjects. 
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Objective 
Previous studies into social cognition neural correlates have been either a priori in 
nature or limited to anatomically defined regions of interest. Studies seeking to find 
specific neural basis of behavior tend to only utilize healthy subjects, leading to limited 
sample sizes and non-uniform measures with restricted variability and range that are 
characteristic of healthy populations. Related studies in affected subjects are generally 
measured as a contrast against healthy subjects and do not necessarily reveal the 
underlying neural underpinnings.  
The presence of pervasive social cognitive deficiencies in schizophrenia has led to 
the development of standardized tests to better quantify and understand the specific 
nature of these deficits. The standard of social cognition in schizophrenia utilizes the 
Mayer-Salovey-Caruso Emotional Intelligence Test (MSCEIT) “managing emotions” 
subscale (MSCEIT-ME), which is often collected from schizophrenic patients as part of 
the Measurement and Treatment Research to Improve Cognition in Schizophrenia 
(MATRICS) Consensus Cognitive Battery (MCCB). The MCCB recognizes the MSCEIT 
emotional intelligence subscore as a standard measure of social cognition, labeled as the 
MATRICS-SC subscore. 
Due to the transdiagnostic nature of social cognition and emotional intelligence, 
we hypothesize that the intersection between schizophrenic and healthy subjects will 
provide the greatest power to find the underlying neurological basis of emotional 
intelligence. Based on an extensive body of literature, we predict that significant findings 
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will be correlated to the default mode network. In this study, we aim to find the fMRI 
resting-state network predictors of emotional intelligence, a key domain of social 
cognition, using an entirely agnostic, data-driven machine algorithm. 
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METHODS 
Participants 
The institutional review boards of the University of Pittsburgh (Pittsburgh, PA), 
McLean Hospital (Belmont, MA), and Beth Israel Deaconess Medical Center (Boston, 
MA) approved this study. Subjects with psychosis were recruited through early psychosis 
treatment programs, community referral networks, and other local means at all three sites. 
Subjects recruited from the Boston and Pittsburgh sites were part of the Brain Imaging, 
Cognitive Enhancement and Early Schizophrenia (BICEPS, NCT01561859) study. 
The Structured Clinical Interview for the DSM-IV (SCID) was used to determine 
diagnosis (First et al., 2007) by trained raters. Participants were selected if they met the 
DSM-IV-TR criteria for the diagnosis of schizophrenia or schizoaffective disorder. 
Healthy participants were selected if they did not meet any Axis I criteria for psychotic 
disorders and had no history or family history of psychotic disorders. Both healthy and 
diagnosed subjects were only included if they were within the ages of 18 to 55, were not 
suffering from any significant neurological disorder, were able to undergo magnetic 
resonance imaging, and had an IQ greater than 80. 
 
Emotional Intelligence Testing 
The Measurement and Treatment Research to Improve Cognition in 
Schizophrenia (MATRICS) Consensus Cognitive Battery (MCCB) was administered to 
assess cognitive ability (Green & Nuechterlein, 2004). The social cognition subscore of 
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the MCCB, which is the Mayer-Salovey-Caruso Emotional Intelligence Test (MSCEIT) 
“managing emotions” subscale (MSCEIT-ME), was used to determine a quantified social 
cognition score (Mayer, Salovey, Caruso, & Sitarenios, 2003). In the MSCEIT, scenarios 
are read aloud as participants follow along and answer a series of questions that identifies 
their reactions, assessments of the scenarios’ characters’ behaviors, and predicted 
consequences of their reactions. Responses are based on a Likert-type scale and scores 
were normalized for age and sex according to the MCCB scoring package. 
 
Neuroimaging Data Acquisition 
Beth-Israel Deaconess Medical Center, Boston, MA and McLean Hospital, Belmont, 
MA: 
3T Siemens Trim Trio scanners with standard head coils were used to acquire 
structural T1 and functional MRI data. The echo-planar imaging parameters were as 
follows: repetition time, 3000 milliseconds; echo time, 30 milliseconds; flip angle, 85°; 3 
x 3 x 3-mm voxels; and 47 axial sections collected with interleaved acquisition and no 
gap. For resting-state fMRI runs, subjects were instructed to “remain still, stay awake, 
and keep eyes open”. 6.2 minutes (124 time points) of resting-state functional imaging 
was collected for each subject. 
University of Pittsburgh, Pittsburgh, PA: 
A 3T Siemens Verio scanner with standard head coils were used to acquire the 
above data. The echo-planar imaging parameters were as follows: repetition time, 3000 
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milliseconds; echo time, 30 milliseconds; flip angle, 85°; 3 x 3 x 3-mm voxels; and 45 
axial sections collected with interleaved acquisition and no gap. 
 
Neuroimaging Data Preprocessing 
The Data Processing & Analysis for (Resting-State) Brain Imaging (DPABI, Yan 
et al., 2016) toolbox for Matrix Laboratory (MATLAB, Guide 1998) was used to 
preprocess all imaging data. To minimize effects of scanner signal stabilization, the first 
four images were omitted from all analysis. Scans with head motion exceeding 3 mm or 
3° of maximum rotation through the resting-state run were discarded. Functional and 
structural images were co-registered. Structural images were then normalized and 
segmented into gray, white and CSF partitions using the DARTEL technique (Ashburner, 
2007). A Friston 24-parameter model (Friston, Williams, Howard, Frackowiak, & Turner, 
1996) was used to regress out head motion effects from the realigned data. CSF and white 
matter signals, global signal as well as the linear trend were also regressed out. After 
realigning, slice timing correction, and co-registration, framewise displacement (FD) was 
calculated for all resting state volumes (Power et al., 2012). All volumes with a FD 
greater than 0.2mm were regressed out as nuisance covariates. Any scan with 50% of 
volumes removed was discarded. After nuisance covariate regression, the resultant data 
were band pass filtered to select low frequency (0.01 - 0.08 Hz) signals. Filtered data 
were normalized by DARTEL into MNI space and then smoothed by a Gaussian kernel 
of 8 cubic mm full-width at half maximum (FWHM). Voxels within a group derived gray 
matter mask were used for further analyses. Table 1 shows the demographic information 
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for all subjects with neuroimaging data that survived these strict data preprocessing 
criteria. 
 
Table 1: Patient Demographics and Clinical Information 
 
McLean Hospital (n 
= 45) 
Beth Israel Deaconess 
Medical Center (n = 
22) 
University of 
Pittsburgh (n = 39) 
 
Probands 
(16) 
Controls 
(29) 
Probands 
(22) 
Controls 
(0) 
Probands 
(22) 
Controls 
(17) 
Age (SD) 
28.38 
(9.31) 
25.90 
(6.77) 
27.21 (4.05)  
29.31 
(4.80) 
28.15 
(3.99) 
Sex 1 F, 15 M 
18 F, 11 
M 
5 F, 17 M  
10 F, 12 
M 
5 F, 12 
M 
Race 
2 AA 
4 AP 
10 CA 
 
1 AA 
3 AP 
24 CA 
1 Other 
1 AP 
14 CA 
3 Multi 
4 Other 
 
6 AA 
2 AP 
1 HI 
13 CA 
4 AA 
1 AP 
12 CA 
Diagnosis 16 SZ  
18 SZ 
4 SA 
 
17 SZ 
5 SA 
 
CPZE 
(SD) 
248.95 
(154.75)  
318.05 
(284.91)  
292.55 
(171.18)  
AA = African Descent; AP = Asian/Pacific Islander Descent; HI = Hispanic Descent; 
CA = Caucasian Descent; SZ = Schizophrenia; SA = Schizoaffective Disorder; 
CPZE = chlorpromazine equivalents; SD = standard deviation 
 
Functional Connectivity Analysis 
Multivariate Distance Matrix Regression 
A connectome-wide association machine learning method named multivariate 
distance matrix regression (MDMR, Shehzad et al., 2014) was used to identify the region 
of the brain where significant variation with social cognition was the greatest. A 
computationally intensive algorithm, MDMR has been previously used to identify 
network dysfunction in youth with psychoses (Satterthwaite et al., 2015, Shanmugan et 
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al., 2016) and to describe common dimensional reward deficits across mood and 
psychotic disorders (Sharma et al., 2017). The MDMR algorithm can be described in 
three stages. 
 
 
Figure 6. MDMR Methods Model. Diagram of the agnostic connectome-wide 
association method used to find regions of the brain highly correlated to social 
cognition. 
 
First, BOLD signal time courses are extracted for every voxel in a preprocessed 
4D functional image and a Pearson’s correlation coefficient is calculated for every 
possible voxel-to-voxel pairing in order to generate a full set of seed-to-voxel 
connectivity maps per individual. For an average individual brain, an estimated 40 to 50 
thousand connectivity maps are generated, totaling an estimated 2 million calculations. 
This is followed by the generation of a between subject distance matrix for each voxel to 
compare the connectivity maps between every subject using spatial correlations. A 
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distance metric of √2 × (1 − 𝑟) was used to examine dissimilarities, where r is the 
Pearson’s correlation coefficient (Gower & Krzanowski, 1999). The metric ranges from 0 
to 2 where 0 and 2 indicates perfect correlation and perfectly negative correlation, 
respectively.  
Clinical measures are introduced in the last step. Subject scores are compared 
against each distance matrix, with a pseudo-F statistic calculated for each matrix. This 
pseudo-F statistic does not follow a standard F-distribution under a null hypothesis but 
does reflect an F-statistic from a standard analysis of variance model. In fact, if the 
distance metric used were Euclidean, the test statistic generated in this algorithm would 
indeed be the classical F-statistic. In order to accommodate diverse multiple predictors 
such as covariates and agnostically assuming that the data has an unknown distribution, a 
generalized F-statistic is preferable and thus a pseudo-F statistic is calculated. The 
significance of the pseudo-F statistic was calculated using 15,000 random permutations 
of subject scores, termed hat matrices, to create a pseudo-F distribution from which to 
calculate a one-tailed significance value for the original pseudo-F statistic. An optional 
family-wise error rate control based on Gaussian Random Field (GRF) theory was 
included in the calculations but the researchers chose to use a more stringent multiple 
comparisons permutation-based cluster correction to control for Type I errors. The cluster 
size distribution was calculated only using voxels that surpassed a 99.9% confidence 
threshold (alpha < 0.001). Only clusters with sizes that survived a 95% distribution 
threshold (alpha < 0.05) were kept. 
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The result generated from the MDMR algorithm and multiple comparisons 
correction identifies region(s) of interest (ROI) where social cognition score correlates 
with functional connectivity. This algorithm does not however output any further 
information regarding directionality, patterns, or variations that gave rise to the result, 
making post-hoc evaluation of the ROI necessary. It is important to understand that post-
hoc evaluations are not new experiments, as these are by nature the characteristics that 
gave rise to the MDMR results, unless new information or analyses are included 
(Satterthwaite et al., 2015; Shanmugan et al., 2016; Sharma et al., 2017). 
 
ROI-based Functional Analyses 
DPABI was used to extract both the ROI-averaged and whole brain BOLD signal 
time courses, calculate the Pearson’s correlation coefficients between the ROI and other 
voxels, and then calculate Fisher’s z-transformation values for inference. The Statistical 
and Parametric Mapping toolbox (SPM12, Ashburner et al., 2014) was used to examine 
the correlations between social cognition scores and z-score functional connectivity 
values. Residuals for covariates such as site, sex, and age were corrected for. Additional 
covariates such as antipsychotic medications in terms of CPZE and subject motion in 
terms of individual mean FD were controlled for. Single sample t-tests were also 
performed in SPM12 to identify patterns in variation.  
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Structural-based Analyses 
Freesurfer 6 (https://surfer.nmr.mgh.harvard.edu/) was used to preprocess 
structural MPRAGE images using first-level auto-reconstruction to register the scans in 
standard space and skull strip the brains. A single experienced rater manually and 
visually edited the images to remove dura, sinuses and vessels that could interfere with 
segmentation, retaining 98 images for analysis. Second and third-level auto-
reconstruction was applied to register the images to the standardized Desikan-Killiany 
atlas for extraction of comparable sulcal depth measurements (Desikan et al., 2006). 
 
Visualizations 
Social cognitive ability, structural/functional measures, and relationships were 
graphed using R (R Development Core Team 2008). Graphs of relationships between 
social cognitive ability and structural/functional measures were generated using R. 
Cortical surface and volumetric visualizations were accomplished using FSL (Jenkinson 
et al., 2012) and Caret (Van Essen et al., 2001). 
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RESULTS 
 
The Left Superior Parietal Lobule 
MDMR analysis identified a single region in the left superior parietal lobule 
(SPL) whose intrinsic functional connectivity correlated significantly with the 
MATRICS-SC/MSCEIT subscore. Figure 7 shows the identified 59-voxel region in the 
left SPL centered at Montreal Neurological Institute (MNI) coordinates 24, 69, 57 (x, y, 
z).  
 
 
Figure 7. Result in the Left Superior Parietal Lobule. Left superior parietal lobule 
region (x, y, z @ 24, 69, 57) that correlates significantly with social cognition. 
 
Analysis of Left SPL ROI 
A post-hoc linear regression that corrected for the covariates of sex, age, and 
motion through mean FD identified two distinct patterns of functional connectivity in the 
whole brain region in connection to the left SPL ROI. Figure 8-A demonstrates the 
positive contrasts in the whole brain linear connectivity regression of social cognition to 
the left SPL. The canonical spatial regions of the bilateral fronto-parietal and temporal 
regions closely mirror the DMN (van den Heuvel & Pol, 2010). Figure 8-B shows the 
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negative contrasts of the same regression, this time highlighting the bilateral parietal-
occipital regions, regions that are classically defined as part of the dorsal attention 
network (DAN) (Spreng et al., 2013). 
A graph of the functional connectivity between the left SPL and the DMN versus 
MSCEIT score shows a linear relationship in both healthy controls and patients with 
schizophrenia, with a Pearson’s correlation value of 0.329 for healthy controls and 0.377 
for patients with schizophrenia. Both correlations were significant with p-values of 0.026 
and 0.003, respectively. When examining the healthy controls and probands together, the 
correlation value was 0.424 with a significance value of <0.001. When examining the 
relationship between the left SPL and the DAN versus MSCEIT score, anti-correlations 
of -0.445 for healthy controls and -0.504 for the sample with schizophrenia, both 
significant at 0.002 and <0.001, respectively. The correlation of both healthy controls and 
probands combined was -0.543 with significance <0.001. These trends are shown in 
Figure 8-A2 and Figure 8-B2. 
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Figure 8. DMN and DAN Connectivity to the Left SPL. Left: Visualizations of the 
positive (A) and the negative (B) correlations in functional connectivity between the 
left SPL and the whole brain versus participants’ individual social cognition score. 
The color gradients represent only threshold of t-scores above an absolute value of 
1.7. 
 
The results stayed consistent even when split into the two independent study 
populations (BICEPS at the University of Pittsburg and Beth Israel Deaconess Medical 
Center versus the Schizophrenia and Bipolar Disorder Program at McLean Hospital). A 
one sample t-test of whole brain functional connectivity to the left SPL was conducted in 
each study population and the results are displayed in Figure 9. This demonstrates that 
A A2 
B B2 
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functional connectivity is consistent even in completely independent studies, 
demonstrating the replicability of this finding. 
 
 
Figure 9. Demonstration of Study Independence. One-sample t-tests of the two study 
populations included in this analysis, with the t-statistic represented in a separate 
color gradient for both positive and negative t-scores. The orange color represents 
positive correlations between the left SPL and social cognition. This contrast 
highlights the frontal-parietal and temporal regions associated with the default 
mode network in both populations. The blue contrast represents negative 
correlations between the left SPL and social cognition. This contrast highlights the 
parietal-occipital regions associated with the dorsal attention network. 
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These results seemed to implicate that the left SPL could potentially be shared 
between the DMN and the DAN along a linear gradient of social cognition in individuals. 
To confirm this, the functional connectivity of the left SPL versus the whole brain in the 
top 5% subjects with the highest social cognition scores was examined, as well as those 
of the subjects with the bottom 5% social cognition scores. Figure 10-A displays the 
results of a one sample t-test to show the areas of the brain most significantly correlated 
with the left SPL in either group. For the highest social cognition performers group 
(Figure 10-A Left), the DMN regions of the fronto-parietal and temporal regions are 
clearly positively represented. In contrast, the parietal-temporal regions are positively 
represented in the lowest social cognition performers group (Figure 10-B Right). 
 DMN and the DAN were examined in both groups in order to identify if there are 
other abnormalities. Using traditional methods to identify resting-state networks, Figure 
10-B shows the patterns for the DMN in both top and bottom performers groups while 
Figure 10-C shows the patterns for the DAN in both groups. This method was performed 
through the comparison of the functional connectivity between a 10 mm sphere in the 
precuneus versus the whole brain to display the DMN, and a 10 mm sphere in the frontal 
eye fields for the DAN (Laird et al., 2009, Yeo et al., 2013). Even from visual inspection, 
the patterns are closely similar for both networks. Independently, the MDMR-identified 
ROI is represented by a circle in Figures 10-B and 10-C. As expected, the ROI is shown 
to overlap with the DMN in the top performers group and the DAN in the bottom 
performers group.  
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Figure 10. Demonstration of Network Membership by Performance Groups. A) A 
one sample t-test of functional connectivity of the left SPL versus the whole brain in 
(Left) the top 5% of social cognition performers and (Right) the bottom 5% of social 
cognition performers. The frontal-parietal and temporal regions are represented 
positively (orange, positive t-scores) in the top performers while the parietal-
temporal regions are represented positively in the bottom performers. Typical 
group-level methods to identify the resting-state networks in the brain are shown for 
both top and bottom performers for the DMN (B) and the DAN (C). The algorithm-
A 
B 
C 
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identified ROI is shown independently as a circle on the surface of the brain. As 
expected, closely similar patterns for the DMN are represented in both groups, as 
well as for the DAN, indicating that there are no significant abnormalities in either 
networks for both groups. Of significance, however, is that the identified ROI in the 
SPL is shown to overlap in the DMN of the top performers group and the DAN of 
the bottom performers group. 
 
To confirm that this result is unique to social cognition and not a general feature 
of cognition, a seed-to-voxel multiple regression analysis was performed using the left 
SPL result as the ROI against the social cognition score as the variable of interest, but 
inclusive of full scale IQ (FSIQ) as a covariate. Since FSIQ was collected only in the 
BICEPS study, the analysis was only performed on subject data from those two sites 
(Boston and Pittsburgh). Figure 11 visualizes the resulting t-scores using a significant 
threshold for both positive and negative contrasts. The similar patterns of the positively 
correlated DMN and negatively correlated DAN further confirm that this is a result of 
social cognition independent of cognition. 
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Figure 11. Demonstration of Neurocognitive Independence. A seed-to-voxel whole 
brain multiple regression analysis of the left SPL versus MSCEIT score, inclusive of 
FSIQ as a covariate using subjects from Pittsburgh and Boston only (BICEPS). 
(Top) Visualizations of the results from the left and right hemispheric surface 
sagittal views. (Bottom) Visualizations of the results from a sagittal hemispheric 
plane division of the left and right hemispheres. The orange gradient represents 
positive t-scores or positive correlations using a significant threshold while the blue 
gradient represents negative t-scores using a significant threshold. 
 
Structural Analysis Results 
Without the ability to examine the particular cytoarchitecture of the region of 
interest to determine structural variability, a Freesurfer 6 analysis of the structural 
MPRAGE images was performed to extract sulcal depth measurements of the left SPL 
region for each subject. When comparing the sulcal depth measurements against social 
cognition score, a positive linear correlation of 0.269 with significant p-value of 0.0075 
was found. This analysis included adjustments for sex, age, and site. Figure 12 shows this 
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linear relationship between sulcal depth and social cognition. Splitting the data into a 
healthy control group and a schizophrenia group, similar correlations are found (HC: r = 
0.296, p = .054; SZ: r = 0.289, p = 0.032). The interaction effect between healthy controls 
and probands was not significant (p = 0.335) indicating that there is no significant 
difference between the two diagnosis groups. 
 
 
Figure 12. Correlation between Emotional Intelligence and Left SPL Sulcal Depth. 
A linear regression model of social cognition score versus sulcal depth 
measurements of the left SPL. Correlation r = 0.269 with significant p = 0.0075. A 
similar regression against the sulcal depth measurements in the right SPL showed 
no significant correlation (r = -0.076, p = 0.458). A multiple regression did not 
identify a significant difference between healthy controls and probands (p = 0.335). 
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DISCUSSION 
 
 We have identified a region in the left superior parietal lobule (SPL) with 
significant individual variation in intrinsic functional connectivity that correlates to 
emotional intelligence. Specifically, we have shown that degree of membership of this 
region within two large scale resting-state networks, the default mode network (DMN) 
and the dorsal attention network (DAN), appears to reliably and strongly correlate with 
emotional intelligence (DMN: r = 0.424, p < 0.001; DAN: r = -0.543, p < 0.001). This 
finding holds true despite corrections for sex, age, site, medication dosage, subject 
movement in the scanner, and FSIQ.  
The significance of this study lays in the demonstration that individual variation 
in brain network topology has transdiagnostic, real world impacts on social cognition, a 
domain of functional capacity that significantly predicts functional status in patients with 
schizophrenia. Individual variation in brain topology has been recently demonstrated in 
resting-state networks (Gordon et al., 2017a, Laumann et al., 2015, Mueller et al., 2013, 
Wang et al., 2015a) and in larger, multidimensional studies of fMRI networks (Gordon et 
al., 2017b, Poldrack et al., 2015). To date however, this is the first finding in individual 
brain topology that is associated with a behavioral or cognitive phenotype. 
 
Cognitive Significance of the Superior Parietal Lobule 
The traditional role of the superior parietal lobule is integration of somatosensory 
information (Pandya & Seltzer, 1982), but the left SPL has been speculated to be 
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involved in a wide range of processes that include manipulation of information in 
working memory (Koenigs, Barbey, Postle, & Grafman, 2009), facial emotion processing 
in conjunction with the amygdala (Morris et al., 1996), and self-processing (Kircher et 
al., 2002). All are aspects of emotional intelligence. Functional resting-state imaging has 
placed the left SPL in the dorsal attention network whose primary role is processing of 
the external sensory environment (Allen et al., 2014). 
This study’s region of interest lies in the anterior region of the left superior 
parietal lobule, corresponding to the lateral and superior parietal domains of Brodmann 
Area 7 (Brodmann, 1914). This specific area has been implicated in self-centered mental 
imagery and attentional processes (Cavanna & Trimble, 2006, Scheperjans et al., 2008a, 
Simon et al., 2004) and executive functioning, flexibility, inhibition, and working 
memory (Niendam et al., 2012). 
 
Anatomical Variation in the Superior Parietal Lobule 
Our findings suggest that this result is specific to a particular subregion in the left 
SPL, henceforth referred to as this study’s region of interest (ROI). The functional 
interindividual heterogeneity of the SPL is supported by anatomical data. Postmortem 
studies divide the SPL into subregions differentiated based on cytoarchitecture 
(Scheperjans et al., 2008b). The center of gravity of our ROI corresponds to Scheperjans 
region 7A, which is demonstrated to contain significant interindividual variability in 
terms of boundary definition and volume when compared to all other subregions in the 
SPL. 
 36 
 
 
Figure 13. Scheperjans’s (2008b) Cytoarchetectonic Model of the SPL. 3D 
reconstruction of the postmortem cytoarchitectonic parcellation of the superior 
parietal lobule. The region identified in this study corresponds with the 7A. 
(Scheperjans et al., 2008b) 
 
Resting-State fMRI Network Variability of the Left SPL 
An important distinction is the functional network membership. Both the DMN 
and the DAN can clearly be seen in the contrasts and in the high and low performance 
groups (Figure 10). In terms of topology, the left SPL has traditionally been assigned to 
the DAN, so DAN representation is expected (Woodward, Rodgers, & Heckers, 2011). 
From the viewpoint of social cognition and emotional intelligence, it is also not 
surprising to see DMN representation (Dodell-Feder et al., 2014, Fox et al., 2017, 
Gusnard et al., 2001, Mars et al., 2011, Raichle et al., 2001, Whitfield-Gabrieli et al., 
2011). The significant finding in this study is the shared representation of both the DMN 
and DAN in a specific region. This result supports the anti-correlated characteristic of the 
task-negative DMN and task-positive DAN (Fox et al., 2005), as well as the “wandering 
mind” hypothesis, where external processing by the DAN is interfered by internal 
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processing of the DMN (Broyd et al., 2009, Jafri et al., 2008, Garrity et al., 2007, 
Woodward et al., 2011, Zhou et al., 2007). From these results it can be hypothesized that 
the integration of the region of the left SPL responsible for emotional intelligence in a 
somatosensory network into the DMN leads to improved interpretation of emotions and 
thus increased emotional intelligence.  
Under this hypothesis, previous studies that showed varying network connectivity 
involving the left SPL could be explained as a function of interindividual variation in 
network membership. The SPL is found to be significantly correlated with several brain 
regions as part of task-negative (DMN) and task-positive (DAN) networks in patients 
with schizophrenia (Woodward et al 2011, Zhou et al 2007) and remarked to be have 
altered connectivity as part of the DAN in patients with major depressive disorder (Kaiser 
et al., 2015).  
 
Functional Differentiation in the Left Superior Parietal Lobule 
Interestingly, this study’s ROI inhabits only a part of the left SPL instead of the 
entire described region. This can be explained by subregional functional differentiation of 
the left SPL. Wang (2015b) describes five separate clusters of resting-state connectivity 
in the left SPL, of which Wang region L4 overlaps with this study’s ROI. Corresponding 
functional evidence shows that regions L3 and L4 are connected to the DMN and DAN. 
Figure X-B implies that regions L3 and L4 are subject to a high degree of functional 
variability among DTI, rs-fMRI, and coactivation networks that is not confined to 
cytoarchetectonically defined regions, especially when compared to other regions in the 
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left SPL. From these results it is possible that the variable dysfunction of the DMN/DAN 
found in aforementioned studies could be due to subregion differentiation of network 
connectivity. 
 
 
Figure 14. Wang’s (2015b) Functional Model of the SPL. A) Surface view of the left 
SPL, parcellated into cytoarchetectonically differentiated regions as described in 
Scheperjans et al., 2008b. B) Degree of overlap between functionally defined regions 
described by Wang et al 2015b and Scheperjans’s regions. The region identified in 
this study most closely corresponds to Scheperjans region 7A and Wang region L3 
and L4. From the perspective of the results of this study, it could be interpreted that 
Wang regions L3 and L4 are subject to a high degree of functional variability that is 
not confined to cytoarchitectonic spaces compared to other regions in the left SPL. 
C) Wang’s consensus-based regions of the SPL derived from DTI, resting-state 
fMRI, and coactivation analysis.  
 
To confirm if the ROI is indeed regionally and functionally differentiated 
compared to the rest of the left SPL, we calculated the seed-to-voxel whole brain 
connectivities in the more rostral Scheperjans 5L / Wang L2 and caudal Scheperjans 7P / 
Wang L5.  Figure 15 shows one-sample t-tests in both the high and low scoring 
performers groups, with orange contrasts representing positive correlations and blue 
contrasts representing negative correlations.  Figure 15-A represents the whole-brain 
connectivity patterns of Scheperjans 5L / Wang L2. Figure 15-A’s connectivity patterns 
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left SPL. From these results it is possible that the variable dysfunction of the DMN/DAN 
found in aforementioned studies could be due to subregion differentiation of network 
connectivity. 
 
 
Figure 14. Wang’s (2015b) Functional Model of the SPL. A) Surface view of the left 
SPL, parcellated into cytoarchetectonic ly diff rentiat d regions as des ribed in 
cheperjans et al., 2008b. B) Degre  of overlap between functionally define  regions 
described by Wang et al 2015b and Scheperjans’s regions. The region identified in 
this study most closely corresponds to Scheperjans region 7A and Wang region L3 
and L4. From the perspective of the results of this study, it could be interpreted that 
Wang regions L3 and L4 are subject to a high degree of functional variability that is 
not confined to cytoarchitectonic spaces compared to other regions in the left SPL. 
C) Wang’s consensus-based regions of the SPL derived from DTI, resting-state 
fMRI, and coactivation analysis. 
 
To confirm if the ROI is indeed regionally and functionally differentiated 
compared to the rest of t  left SPL, w  calculated the see -to-voxel whole brain 
nnectivities in th  m re rostral Scheperjans 5L / Wang L2 an  caudal Scheperjans 7P / 
Wang L5. Figure 15 shows one-sample t-tests in both the high and low scoring 
performers groups, with orange contrasts representing positive correlations and blue 
contrasts representing negative correlations. Figure 15-A represents the whole-brain 
connectivity patterns of Scheperjans 5L / Wang L2. Figure 15-A’s connectivity patterns 
C 
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appear to overlap with the temporal-parietal network of the DAN. The same patterns can 
be observed in Figure 15-C, which corresponds to whole-brain connectivity patterns of 
Scheperjans 7P / Wang L5.  
These two comparisons make the DMN pattern found in the high performers 
group of this study’s ROI quite remarkable, as it represents a deviation from the DAN 
pattern towards a clear representation of the DMN. It would appear that the region 
described as Scheperjans 7A and Wang L4 contains unique functional variability. While 
the overall connection of the left SPL to the DAN and evidence of altered connectivity 
confirms the results of Woodward (2011), this study uniquely shows the subregion 
producing the variability and the exact type of variability pattern. Specifically, this 
differential connection to the DMN and anti-correlation to the DAN could be the driving 
factor behind the DAN variability described in other studies due to use of the entire left 
SPL for measurement instead of by subregions. 
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Figure 15. Demonstration of Network Membership Specificity of Left SPL 
Subregions by Performance Group. Adjacent regional connectivity patterns of both 
the top and bottom performers groups with positive correlations colored in orange 
and negative correlations colored in blue. A) Whole-brain connectivity pattern of 
the region rostral to this study’s ROI, corresponding to Scheperjans region 5L and 
Wang region L2. The general pattern of the DAN can be observed in both groups. 
B) Corresponds to this study’s ROI, Scheperjans 7A, and Wang L4. The DMN is 
represented in the top performers group while the DAN is represented in the bottom 
performers group. C) Patterns of a region caudal to this study’s ROI, corresponding 
to Scheperjans 7P and Wang L5. The DAN is seen in both groups. The general 
overall pattern of the DAN corresponds with Woodward et al., 2011, but 
functionally differentiating the left SPL has shown that there is variability within 
sub-regions. 
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Figure 15. Demonstration of Network Membership Specificity of Left SPL 
Subregions by Performance Group. Adjacent regional connectivity patterns of both 
the top and bottom performers groups with positive correlations colored in orange 
and negative correlations colored in blue. A) Whole-brain connectivity pattern of 
the region rostral to this study’s ROI, corresponding to Scheperjans region 5L and 
Wang region L2. The general pattern of the DAN can be observed in both groups. 
B) Corresponds to this study’s ROI, Scheperjans 7A, and Wang L4. The DMN is 
represented in the t p performers group while the DAN is represented in the bottom 
performers group. C) Patt ns of a regi n caudal to this study’s ROI, corresponding 
to Scheperjans 7P and Wang L5. The DAN is seen in bo  gro ps. The general 
overall pattern of the DAN corresponds with Woodward et al., 2011, but 
functionally differentiating the left SPL has shown that there is variability within 
sub-regions. 
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Emotional Intelligence Findings in the DMN from Diffusion Tensor Imaging 
Another large field in functional connectivity research involves the use of 
diffusion tensor imaging (DTI). DTI measures the root-mean-square displacement of 
water diffusion through magnetic resonance signals, taking advantage of the anisotropic 
nature of water in white matter tracts to trace white matter fibers (Conturo et al., 1999). 
There have only been a few DTI studies that have examined the anatomical connectivity 
between DMN regions and social cognition, but putting together the information of a few 
independent studies may help to infer the structural basis of the results found in this 
experiment. 
Greicius (2009) demonstrated through combined DTI and fMRI that not all 
regions in the DMN are directly connected, and may in fact be routed through mediator 
regions such as the posterior cingulate and retrosplenial cortices. These results imply that 
connections from network member regions to a mediator region may underlie DMN 
coactivation.  
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Figure 16. Grecius’s (2009) Demonstration of DMN Structural Connectivity through 
DTI. Regions of the DMN are connected to each other through the posterior 
cingulate/retrosplenial cortices (PCC/RSC). (Top) Independent component analysis 
was used to extract the DMN regions from fMRI data. (Bottom) Using the fMRI-
derived DMN components as regions of interest, DTI was used to find the white 
matter tracts that connect those regions together. The medial prefrontal cortex is 
represented in yellow, the PCC/RSC is represented in red, and the medial temporal 
lobules are indicated in green and purple. (Grecius, Supekar, Menon, & Dougherty, 
2009) 
 
In a DTI experiment that also measured MSCEIT-ME scores, Pisner (2017) 
concluded that greater emotional intelligence may require greater communication of 
cognitive-affective information across the whole brain. Pisner’s results indicated that 
microstructural integrity of corpus callosum and cingulum white matter tracts correlated 
positively with MSCEIT-ME scores (Pisner, Smith, Alkozei, Klimova, & Killgore, 
2017). The cingulum microstructural integrity is directly correlated to DMN connectivity 
(van den Heuvel, Mandl, Luigjes, & Hulshoff, 2008).  
From this information, we can infer that greater DMN structural and functional 
connectivity leads to higher emotional intelligence scores. From our study, greater 
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connectivity to the left SPL is what drives this result. This hypothesis fits a pre-existing 
theory in the literature. In the parieto-frontal integration theory (P-FIT), greater 
connectivity between the frontal executive control regions and the parietal areas is the 
basis of increased intelligence (Jung & Haier, 2007). P-FIT could explain how greater 
connectivity from the left SPL to the medial prefrontal cortex via the cingulum or 
PCC/RSC as a mediator region, or even the DMN as a mediating network, results in 
higher emotional intelligence scores.  
 
Transdiagnostic Findings 
The mean emotional intelligence score of the participants differed significantly 
between healthy controls and probands (p = 0.015). Yet, the MDMR algorithm was still 
able to identify a region that varied in connectivity linearly with emotional intelligence 
score. Only a few studies have examined transdiagnostic fMRI characteristics (Dodell-
Feder et al., 2014, Schillbach et al., 2016). We hypothesize that what is already known 
about schizophrenia network pathophysiology may explain social cognition deficits in 
this disorder and demonstrate it in these results. If social cognitive ability is partially 
dependent on left SPL connectivity to an intact DMN, our result may provide a 
mechanistic bridge linking a “synaptic” disease to poor societal functioning.  
 
Future Considerations 
The MSCEIT identifies four different areas of emotional intelligence processing, 
but the MCCB itself only measures social cognition through one subscore of the 
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MSCEIT, the MSCEIT-ME. It is possible that different measures would explain different 
facets of social cognition, and may be represented differentially in the brain, just as 
cognition is associated with different areas and networks compared to social cognition 
(Eack et al., 2010). 
The nature of this study’s data-driven methods precluded the discovery of weaker 
but still biologically significant networks related to social cognition. The adjustment for 
multiple comparisons through a strict, voxelwise and nonparametric cluster threshold 
removed many other regions from the analysis. 
Possible interventional methods to ameliorate social cognition deficits may 
involve transcranial magnetic stimulation (TMS) therapy of areas of the brain involved in 
the DMN and DAN (Lowe, Manocchio, Safati, & Hall, 2018). The discovery of the 
involvement of the left SPL may prove relevant for behavioral clinical trials that utilize a 
“target engagement” framework to validate external therapeutics (Lewandowski, Öngür, 
& Keshavan, 2018). Therapeutic neuromodulation targeting the network membership of 
the left SPL via induction of neuroplasticity may enhance already established therapies 
seeking to improve social cognition and functional outcome.  
Finding a behavioral correlate to individual brain network topology may have 
significant implications for future fMRI studies. As studies finding the importance of 
individual variation increases, the current general group-based averaging approach to 
resting-state imaging becomes less tractable. It is possible that past studies examining 
neural correlates to behavior may have led to overlooking relationships based on 
individual variation. It is important to note that this study was serendipitous in using a 
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between-subject difference matrix method that found an individually-varying result that 
could be represented using group-based post-hoc analysis. Future studies could benefit 
from utilizing “dense” scanning procedures that involve more or longer fMRI scans to 
ensure that individual characteristics are not obfuscated (Braga & Buckner, 2017). 
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